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Figure 1: Overview of COVID-19 incidence data of German districts from 2020 to 2023 using a dense pixel visualization, where rows resemble
geographic locations and columns represent time. The column widths are scaled by spatial autocorrelation, emphasizing points in time when spatial
clusters form. To expose linearization artifacts, large geographical distances in the ordering are indicated by |%) Trustworthiness Gaps. By brushing
the dense pixel view, @ Map Glyphs can be rendered to assess the geographical coherence, where | 8 | Discontinuity Borders indicate large ordering
distances of geographical neighbors.

Abstract

The analysis of spatiotemporal data is essential in domains such as epidemiology and environmental monitoring, where understanding
the interplay between spatially distributed phenomena and their temporal evolution is critical. Dense pixel visualizations offer a compact,
effective overview of spatiotemporal dynamics. However, the necessary linearization of 2D geographic space into a 1D ordering
inevitably introduces structural distortions that manifest as visual artifacts. We propose a measure-driven visual analytics approach
that captures visual artifacts through neighborhood preservation measures for 1D orderings and renders them using visual boosting
techniques such as glyphs, halos, and hatching. We demonstrate our approach through a usage scenario analyzing COVID-19 incidence
data across German districts, showing that interactive, measure-driven boosting enables analysts to reliably distinguish genuine spatial
patterns from linearization artifacts.

CCS Concepts
¢ Human-centered computing — Visual analytics; Geographic visualization;

1. Introduction about evolving spatial configurations and local temporal varia-

tion [AAB™ 10]. Dense pixel visualizations provide compact overviews
Geolocated time series are central in domains such as epidemiol- for collective movement [BJC* 19, BSC*21] or spatio-temporal events
ogy [SRH23] and environmental monitoring [DPD* 15, DCS*24], but such as wildfires [FMKK21] or storms [KW23], where values are

are difficult to analyze because they require simultaneous reasoning
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encoded as colored pixels arranged in a matrix-like layout with one Dense Pixel Visualizations o investigate the dynamics of collective
axis representing space and the other time. In contrast to animationanimal behavior, Buchmdiller et al. use a Hilbert space-filling curve to
such representations are not susceptible to change blindness and, unlikinearize space and construct dense pixel layouts with space along the
3D-based approaches (e.g., Space-Time Cubes [R5l they avoid y-axis and time on the x-axis, where color can be used to either encode
issues of occlusion and perspective distortion, thereby supportingdata attributes [BJCL9] or spatial locations [BSQ@1]. As subsequent
consistent visual comparison across space and time. However, thdéime instances can produce vastly different orderings, Wulms et
expressiveness and effectiveness of such a dense pixel arrangemeat. WBM 21] propose using Stable Principal Components to improve
depend heavily on the ordering of spatial entities. The linearization from ordering stability and mitigate visual artifacts. Stolk et al. [SWV25]
2D geographical space to a 1D ordering inevitably introduces distortions, leverage additional whitespace between moving groups to visually indi-
generating visual artifacts in the visualization [B1G, KW23] that cate clusters. Aside from moving entities, Franke et al. [FMKK21] show
can prompt false conclusions about the underlying data. how spreading events such as wildfires or pandemics can be visualized

Such distortions can be quantified through neighborhood preservation using dt_anse pixel ylsuallzatlons. Kopp a_md V\_/elnkauf [KW23] apply itto
scalar fields by using a feature-based linearization based on augmented

'r?asgtgézs sfc?t'i:;?o?rdee;sn%t‘ij;m:;gi gggg]ngruso?ua(l;:ly[r?mggsuresmerge trees. Zhou et al. [ZJW21] propose data-driven space-filling
prop geosp P Polyg cyrves for multiscale data visualization in regular grids by balancing

.data. These quality rmeasures h‘"?“’e been u;ed o elthgr assess the 435ture and locality coherence. Further applications of dense pixel
ity WBM 21] or to determine suitable ordering strategies [FMKK21]. views in other domains include dynamic graphs [CVIAL CISK20]

Yet for complex geographies, dlstortlon's c_an_noF be e_nnrgly eliminated, sensor networks [PND20], machine learning model attributions [SK23],
regardless of the chosen strategy. This limitation highlights not only moving regions [VFP24], or physical activity data [RZS]
the need to measure ordering quality but also the need to visually com- greg » orpny '

municate shortcomings. Visual boosting techniques [@IFoffer a While dense pixel visualizations provide a compact overview of large
promising direction, as they can selectively emphasize regions of interestamounts of spatiotemporal data, the linearization of 2D space inevitably
in dense pixel displays without altering the underlying data encoding. Produces visual artifacts, labeled as phantom splits [R9{; incon-

) ) ) sistent visual patterns [FMKK21], or temporal discontinuities [KW23],

In this paper, we propose a measure-driven approach that integrate$,ecessitating designated quality measures to locate and quantify the
established ordering quality mgtrics with _visua__l boosting techniques, impact of these artifacts. Oelke et al. [01%] demonstrate that visual
such as glyphs, halos, hatching, and distortion, to enhance densg,,osting techniques such as halos, coloring, distortion, and hatching can
pixel visualizations for geolocated time series data. Building on prior e \,sed to accentuate interesting or important datapoints in pixel-based
work in visual boosting, we investigate how metric-based information g alizations. Conversely, we argue that such techniques are just as

about neighborhood distortions can be embedded directly into the, 4 ahle to communicate structural limitations and make visual artifacts
visualization to make structural limitations salient. Thereby, we make more salient through the embedding of quality measures.

the following contributions: ) . )
Quality Measures —The assessment of neighborhood preservation

A Visual Analytics prototype for spatiotemporal data, integrating  through quality metrics has been extensively studied in the context

visual boosting techniques based on quality measures to makeof dimensionality reduction [JLK25]. For such projections, Venna

linearization artifacts salient. and Kaski [VKO01] defineTrustworthinesandDiscontinuitymeasures

A Usage Scenarion COVID-19 data in Germany, showcasing how  to quantify whether ordering neighbors are spatially close and vice

measure-driven boosting supports reliable pattern assessment.  versa. Guo and Gahegan [GG06] provide analogous distance- and rank-
weighted variants tailored towards point-based spatial data. Rauscher et
al. [RDS 25] extend these measures to contiguous polygon data by intro-

2. Related Work ducing locally varying neighborhood sizes and contiguity-based distance

Spatiotemporal Data Visualization —Developments across space functions. While such measures have been employed to compare and
and time are commonly visualized using multiple linked views, determine suitable ordering strategies [BI€, WBM 21, FMKK21],
combining a map with timelines [DPD5], calendar views [LZM14], their local error scores capture the presence of artifacts and can be
or storylines [DCS24]. While these approaches benefit from dedicated further used to visually highlight these shortcomings.

representations for each dimension, space and time are juxtaposed i vjigyal Analytics Prototype

distinct views, creating a visual discontinuity. Glyphmaps integrate
the spatial and temporal components into a single view, either in a ) ; o .
gridded [WHWC12, SRH23] or entity-centered layout [ML19], yet fOCL_Js on datg defined by COI’]tIgU(?US polyg_ons, such_ as admln!stratlve
their scalability is limited by the grid layout or glyph size. 3D-based reg"’”s: Wh'_Ch serve as the primary unit _for soc!oeconon_nc and
visualization approaches, such as 3D timelines on maps [THlO],stackeder"de_m'°|09'Call reporting. E_ach polygon is spa_tlally static and
trajectory bands [TSAAL2], or Space-Time cubes [DIR), integrate con_talns a value for every timestep, such as dqlly measurgments.
the temporal information as a third axis, but suffer from perspective UNiike point-based data, polygons allow semantically meaningful

distortion and occlusion. Despite the variety of the above-mentioned ”e‘,g,hborhoo‘?' definitions through contiguity. In cqntrast to movi.ng
approaches, they all struggle with providing a compact overview entlt!es, the fixed topology _enables.a single orden_ng and associated
of spatiotemporal developments at scale. Dense-pixel visualizationsquallty measures to be applied consistently across time.

offer a promising solution for overview tasks, as they compactly map  To mitigate visual artifacts and make structural limitations more
individual data values to single pixels [KeiO0], enabling the display of salient, we enrich our visualization with several visual boosting
large spatial and temporal extents within a single coherent view. techniques inspired by Oelke et al. [01%)].

Spatiotemporal data exists in various topological forms. In this work, we
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Figure 2: Showind:] Trustworthiness GapmdD Discontinuity Borderdor different space-filling curves on a 4x4 grid. A Hilbert curve always
follows geographic neighbors and creates no gap, but exhibits the largest border where geographic neighbors are distant in the ordering. A Morton
curve yields one gap (assuming Queen contiguitypfor 3, and its recursive grid is reflected in the borders. The Diagonal ordering introduces
gaps for every diagonal jump, and exhibits larger borders in the center of the grid.

is why we compute the standardized global Moran's | [Mor50] at

each timestep, and use this value to scale the column widths of our

dense pixel view. This allocates greater screen space to time steps that

deviate most strongly from the temporal baseline. Oelke et al. noted

that distortions cafdecrease the user's ability to follow the course of

values”[0JS 11, p.879], which is especially relevant for our temporal
Figure 3: Effect of D Boosting with Distortionon the timeline distortion that disrupts the linear flow of time. To increase the visibility
and pixel width. Time instances with lower spatial autocorrelation of the distortion, we further scale the height of the timeline ticks,
are shrunk (June-July), and those with higher values are enlarged Yielding a barchart-like profile whose height and spacing mirror the
(August-September), further indicated by the tick height. distorted column widths (see Fig. 3).

) o D Trustworthiness Gaps —Linearizing 2D space is an error-prone,
3.1. Dense Pixel Visualization lossy dimensionality-reduction process. A major shortcoming is that ge-

Ordering — In our dense pixel visualization, rows represent spatial ographically distant entities may become ordering neighbors, which has
entities and columns time steps, with each pixel encoding the value of aPeen previously quantified asTaustworthiness ErrofVK01, RDS 25].
geographic entity at a given timestep. Pixel colors are mapped using theSuch geographic jumps in the ordering sequence can be further intro-
viridis colorscale, implicitly introducinC] Boosting with ColarWhile duced when inte_gra_lting timeseries similarity ir_1to the _distance fun(_:tion
traditional approaches aimed to preserve geographical coherence in th&5€€ Ed- 1). We indicate these errors by drawing horizontal gaps in the
row ordering [BJC19,BSC 21,WBM 21], more recent work has high- _dense pixel view, effectlve_ly _dlssectlng the visualization into gepgraph—
lighted the benefits of also integrating temporal similarity [FMKK21, ically coherent clusters (similar to GroupRugs [SWV25)). Inspired by
KW23]. As both variants have benefits and drawbacks depending onB00sting with Hatchingechnique [0JS11], we use a hatching pattern
the analysis task, we introduce a paramatéat weights standardized to visually distinguish them from rows displaying actual data values.
pairwise distances from the geographic domain using centroid distances To determine a Trustworthiness error, we construct an undirected ad-
(dgeo) and from the timeseries using Euclidean distangg: ( jacency grapl=( V:E), where each vertex2 V represents a polygon
o T o) 3 and an edgéu;v) 2 E indicates geographical contiguity through a shared

dgedXi:Xj) dgeo , a Gs0iXj) _ths 1) border. Let(v;;::;;vn) denote the imposed ordering of the vertices. For

S (dgeo) S(ds) each consecutive paif;vn+ 1 in the ordering, we compute their shortest-
Using this distance function with agglomerative hierarchical clustering path distance ilg(vn;vn+ 1), corresponding to the minimal number of
(AHC), we obtain aroptimal 1D ordering from the leaf nodes of the  contiguous regions that must be traversed to connect the two polygons. If
dendrogram, as proposed by Guo and Gahegan [GG06]. Rauschethis distance exceeds a given integer threshplde mark this as a Trust-
et al. [RDS 25] indicate that linkage criteria (except single linkage) worthiness violation and indicate this in the dense pixel view with a gap.
produce qualitatively similar orderings. We select Ward [War63], whose
minimum-variance criterion favors compact, homogeneous clusters. n= 1de(vnvir 1) > D n=1L:mN 1 @

Dmix(3i:x))=(1 a)

In contrast to previous measures [GG06, RR&, this integer conveys
semantic meaning and is hence more suitable for an interactively
steerable parameter. Fig. 2 exemplifies the determination.

D Temporal Distortion — Due to their space-efficient design, dense
pixel views provide high information density, making them especially
suitable for overview tasks. However, when analyzing developments
over long time periods, individual extreme values can dominate the color
scale and compress the dynamic range of the remaining data, thereb$.2. Geographic Map
obscuring subtle temporal trends. Similar to Hao et al. [HDKSO07], we

applyBoosting with Distortiorto emphasize time periods of interest. D Map Glyph — Additional geographic maps can be overlaid on

the dense-pixel view to summarize spatiotemporal extent, inspired
Spatial autocorrelation directly reflects how strongly similar values by Boosting with GlyphsBrushing over the dense pixel view creates
concentrate among neighboring polygons at a given timestep, whicha selection for which dMap Glyphis shown adjacent to the brushed
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